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‘Design, Implementation and Evaluation of two 
Widgets for a MOOC’s Learning Analytics 
Dashboard’ 
Christian Toisoul 
0 Summary 
One of the most important sources of feedback in a Massive Open Online Course (MOOC) is the 
learning analytics dashboard (LAD) that provides the learners and teachers with appropriate feedback 
about the learning process. Kim, Jo, and Park (2016) conclude that a LAD should be built meticulously 
towards the needs of the users if the LAD replaces the feedback from traditional teachers or tutors as it 
is the case in MOOCs. The goal of this Technology Enhanced Learning study was threefold. First an 
extended literature review was conducted on LADs for MOOCS. A second goal was to design and 
develop two LA widgets according to state-of-the-art research: A first widget that monitors the learners’ 
activity and compares it to that of other participants; a second widget that gives a detailed overview of 
the activities per learner. The third goal of the research was to evaluate those widgets with the Evaluation 
Framework for Learning Analytics questionnaire (EFLA). In addition to the EFLA questions we also 
asked for interacting factors like ‘academic achievement’ and ‘intention towards the MOOC’ and looked 
at their effect on the evaluation. 
For the current study only the learners were taken into account for the analysis. Due to the real setting 
in which this research took place, it was not possible to actively contact the MOOCs’ learners and 
teachers. This resulted in not enough teachers (n=2) returning the questionnaire. MOOC learners were 
selected based on their activity in the ECO-learning environment at two specific moments. In September 
2016 the learners that were active on the platform (n=284) after June 1, 2016 were asked to answer a 
questionnaire about the current LAD. A month later the dashboard was altered by adding the new 
developed widgets. After that the learners were again asked to answer the evaluation questionnaire and 
were explicitly asked to focus on the two new developed widgets. 
The analysis of the widget evaluation was performed with the answers from respondents (n=8) that 
answered both the first and the second round questionnaire. The analysis of the interacting factors were 
done with the results from all respondents (n = 44).  
For the evaluation of the widgets the EFLA (Scheffel & Drachsler, 2016) was used. The results indicate 
that for all criteria the averages of the new developed widgets were improved but only significantly on 
the Data criterion: t(7) = -3.21, p = .015. A MANOVA performed on the complete dataset showed 
interaction effects on academic achievement, intentions towards the MOOC and the different set of 
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tools. The new tools seemed to be rated better by people with a Master degree that have the intention in 
finishing the course. This could be related to greater self-regulation skills. 
We can conclude this study with a positive evaluation of the new developed widgets. However, further 
research with more evaluations and a more controllable environment is needed to consolidate the 
findings of this study. The research also focuses the attention on some important LAD design issues; 
e.g. the possibility to provide different dashboard visualisations to different type of users. The new 
developed widgets will be available under Open Source licence via the Open University of the 
Netherland’s DSpace….. 
 
Keywords: Learning Analytics, MOOC, EFLA, xAPI, widgets, LA-tools, tool-evaluation, 
visualisation. 
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1 Introduction 
Massive Open Online Courses (MOOCs) have the potential to provide quality education at a low cost 
for a wide and diverse public (Drachsler & Kalz, 2016; Gaševic, Dawson, & Siemens, 2015; 
Saadatdoost, Sim, Jafarkarimi, & Mei Hee, 2015). Although leading universities have started to 
implement MOOCs, there are still a number of obstacles standing in the way of a viral dispersion, e.g. 
(1) how can a MOOC be maintained; (2) how can its quality be assured; and (3) how can high dropout 
rates be avoided. High dropout rates are a phenomenon that is well known in distance education (Gaebel, 
2013; Gaskell, 2015; Greller & Drachsler, 2012). Greller and Drachsler (2012) have thus suggested a 
‘Drop-out-analyser’, a system that provides feedback and reflections to learners and teachers to make 
them more aware about their learner status and warn about patterns of drop-out. 
Learning Analytics (LA) can play an important role in providing such an drop-out analyser through the 
collection and analysis of data and by presenting the data in a useful way to the targeted stakeholders 
(Reyes, 2015). Kim, Jo, and Park, (2016) indicate that learners’ achievement could be increased by 
supporting them with a learning analytics dashboard to steer their learning process. Therefore the 
dashboards requires that the presented data is valid and correctly understood by the stakeholders. 
(Drachsler & Kalz, 2016; Reyes, 2015; Scheffel, Drachsler, Stoyanov, & Specht, 2014). The Learning 
Analytics Community Exchange (LACE)1 project has developed such an evaluation tool (Scheffel, 
Drachsler, & Specht, 2015; Scheffel et al., 2014): the Evaluation Framework for Learning Analytics 
(EFLA). The EFLA framework focus to gather the opinion and experiences of the stakeholders in a 
quick and less intrusive way. Research of Kim et al. (2016) also points out that learning analytics should 
be carefully designed. There is no one-size-fits-all solution and the main consulted frequently and as 
soon as possible. Waiting too long to involve learners and teachers in the design process of a learning 
analytics dashboard could result in a theoretically well-developed dashboard, but one that is useless for 
the target group. 
The purpose of this research study is three fold: Firstly, an extensive literature review on LAD for 
MOOCs is conducted. Secondly, two learning analytics widgets are designed and developed with regard 
to a scientific literature review. In a third step, they are implemented into a live MOOC environment 
and evaluated using the Evaluation Framework for Learning Analytics (EFLA).   
1.1 Related work 
1.1.1 MOOCs 
A MOOC (Massive Open Online Course) is a digital learning environment that delivers ‘free’ instruction 
to a large community of learners. This form of technology-enhanced learning opens wide perspectives 
in providing free and accessible knowledge for everyone (Saadatdoost et al., 2015). Although a MOOC 
                                                     
1 http://www.laceproject.eu 
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has a lot of similarities with other online educational resources, like the fact that the participation and 
content is mostly for free, that the data are delivered online and accessible for a lot of people, there are 
also important differences. In a MOOC, information and knowledge are structured in the sense that there 
is an underlying learning and teaching concept with a clear subject divided by topics and subtopics but 
are often not as well-structured as traditional courses (Drachsler & Kalz, 2016). MOOCs are mostly free 
but there are some exceptions. MOOCs can be commercialised and the use, reuse or modifications can 
be licenced under different conditions (Miyazoe & Anderson, 2013). 
The educational community has great expectations for MOOCs. But there are still issues that need 
to be solved. Most of them are related to the search for the best instruction and learning model to use, 
how to effectively implement the MOOC, enhancing it, and assuring its quality (Brahimi & Sarirete, 
2015; Saadatdoost et al., 2015). Another big issue is how to translate the great benefits of offline 
discussions in an online massive environment. This could lead to an important decrease in dropouts in 
MOOCs (Drachsler & Kalz, 2016). 
Looking[.1] at the model and design of a MOOC, literature in that area mostly distinguishes three 
main categories (Acedo & Cano, 2016; Crosslin & Wakefield, 2016; Drachsler & Kalz, 2016; Jacoby, 
2014; Miyazoe & Anderson, 2013; Morgado, Mota, & Quintas-Mendes, 2014; Saadatdoost et al., 2015). 
The first category, the xMOOC, has a behavioural and cognitive foundation. The second type, the 
cMOOC, is based on connectivism and finally the third type, the sMOOC, is based on social-
constructivism. Miyazoe and Anderson (2013) also stated that those types have three different levels of 
interaction and that those differences – in line with the EQuiv Theorem (Anderson, 2003) – determine 
the quality of the MOOC: (1) learner-content, (2) learner-teacher and (3) learner-learner interaction.  
Table 1 Interaction levels of MOOCs 
 
xMOOC cMOOC sMOOC 
Learner – Content HIGH MEDIUM MEDIUM 
Learner – Teacher LOW LOW HIGH 
Learner – Learner LOW HIGH HIGH 
 
According to the EQuiv Theorem sMOOCs seems to be the best model. There are also researchers 
who do not advocate xMOOCs because they do not stimulate deep learning due the lack of social 
interaction, nor do they advocate cMOOCs due the fact that connectivism is not a real learning theory, 
and it could never assure that learning is really occurring (Anders, 2015; Saadatdoost et al., 2015). 
7 
 
Research is not explicitly referring to sMOOCs either, but within the hybrid design (Anders, 
2015) and the Dual Layer systems (Crosslin & Wakefield, 2016), it seems to point out that sMOOCs 
are a valuable alternative. The best characteristics that are proposed by the mentioned studies are similar 
to those of the sMOOC: (1) the learner is put in the centre of the learning process, (2) the MOOC adapts 
to the participants and their culture, and (3) they are connected through their own contribution and the 
contribution of the learning community. sMOOCs have also the characteristics that learning can occur 
everywhere. Acedo and Cano (2016) describe this as seamless. There is no border between the MOOC 
environment and the day-to-day digital social environment where individuals are active. 
A major problem with sMOOCs is that a correlation exists between the cost of a MOOC and the 
level of interaction. This is why sMOOCs rarely exceed 50 students per course. If sMOOCs want to 
have a chance in the MOOC world, solutions must be found to diminish the cost of participation and 
human resources. A logic solution is to automatise some task that are currently almost exclusively the 
responsibility of teachers. Examples are feedback , self-regulation activities of learners, forecasting the 
learner’s evolution in the course based on their current behaviour and prescribe behaviour change if 
necessary(Miyazoe & Anderson, 2013). This education research field that investigate those items is 
called Learning Analytics (Drachsler & Kalz, 2016). 
1.1.2 Learning Analytics 
The Society for Learning Analytics Research (SoLAR) defines LA as ‘… the measurement, collection, 
analysis, and reporting of data about learners and their contexts, for purposes of understanding and 
optimising learning and the environment in which it occurs’ (SoLAR as described in Reyes, 2015). 
When using LA, six dimensions matter (Figure 3): (1) stakeholders, (2) internal limitations, (3) external 
limitations, (4) instruments, (5) data and (6) objectives (Greller & Drachsler, 2012). Most of those 
dimensions are also recognised by Gaševic et al. (2015). It is important to elaborate those dimensions 
because they should form the foundation of every LA instrument. 
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Figure 1 Generic Framework for Learning Analytics 
Reprinted from ‘Translating learning into numbers: A generic framework for learning analytics. ‘ by Greller and Drachsler 
(2012), Educational Technology and Society, 15(3), 42–57. http://doi.org/http://hdl.handle.net/1820/4506 
Stakeholders 
Although everybody who is involved in education is a potential stakeholder, LA focuses mainly on 
learners and teachers. Two main reasons explain this choice. The first and most important one is that 
there is no point in analysing learning if there are no learners. The second one is that today’s educational 
paradigm states that learning should be learner-centred and self-regulated learners should be stimulated 
(Persico & Pozzi, 2015). Teachers are important because they are in direct contact with the learners and 
they have, after the learner, the greatest influence on learning (Hattie, 2009; Persico & Pozzi, 2015). 
There are also two dimensions of stakeholders: the data-subjects and the data-clients. The data-subjects 
are the stakeholders whose data are collected. The data-clients are the stakeholders who use the data. 
Every stakeholder is both client and subject of their own data, but the higher levels are also using the 
data from the lower levels (Greller & Drachsler, 2012). In figure 2 we observe that the government is 
client of the data of the institutions and institutions are client to the data of their teachers. Finally, 
teachers are client to the data of the students. The different levels are using the data of their sublevels 
for research purposes. But all actors are also actor of their own data where the main goal is to self-reflect 
on their functioning in the learning process of the students. 
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Figure 2 Information flow in LA 
Reprinted from ‘Translating learning into numbers: A generic framework for learning analytics. ‘ by Greller and Drachsler 
(2012), Educational Technology and Society, 15(3), 42–57. http://doi.org/http://hdl.handle.net/1820/4506 
 
Objectives 
LA is pursuing two main goals. First it tries to stimulate reflection. The different stakeholders are given 
suitable information that can help them improve the learning or teaching processes. For the learner this 
means that he is given feedback about his learning process and his evolution in the course, e.g. by 
detecting undesirable behaviour. For the teacher this means that he can compare the different students, 
and that this comparison can support his feedback to students. It can also detect effects like boredom, 
frustration, confusion, epiphany, etc. (D’Mello, Graesser, & Picard, 2007). The teacher is also receiving 
feedback about his own teaching process and course. Secondly, LA can make predictions for further 
interventions in the educational process by suggesting relevant learning goals, resources, predicting 
learner performances, and modelling learners (Katrien Verbert, Manouselis, Drachsler, & Duval, 2012) 
 
Internal limitations 
The most important limitation that is inherent to LA is that the users need the skills to use the LA results. 
If one cannot interpret the data (interpretation) or does not understand the complexity (critical thinking), 
the LA tools are useless or even counter-productive (Greller & Drachsler, 2012). 
 
 
 
External constraints 
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External factors can limit the use of LA in education. Some of the most important ones are the ethical, 
privacy and legal constraints. Although there is a lot of discussion about the topic, uncertainties, grey 
areas and ownership issues, the external limitations need to be taken into account for any LA project to 
be successful. Recent LA research shows that neglecting privacy issues can shut down an LA project in 
no time (Drachsler & Greller, 2016). In an attempt to avoid an LA graveyard in the future, Greller and 
Drachsler (2016) developed a checklist to ensure that every project takes into account the sensitivities. 
The checklist is called DELICATE and contains eight delicate issues: (1) Determination, (2) Explain, 
(3) Legitimate, (4) Involve, (5) Consent, (6) Anonymise, (7) Technical, (8) External. A complete 
overview of these issues is outside the scope of this literature review. Mainly, it can be summarised by 
this mind-set: LA on learners can only be used to make a positive improvement to the learner and the 
data must be protected from abuse or from anyone who does not have a direct impact on the learners’ 
improvement. This means that access must be controlled on different levels. Just because a teacher has 
access to some type of data about a learner does not mean that the head of school should also have the 
same clearance. And vice versa. It all depends on the purpose. 
 
Instruments 
Instrument is a broad term in LA. It covers any aspect from which technology is used, to which 
algorithm, mathematical or educational theories the LA tools are based on, etc. An educational concept 
can also be visualised in different ways. It is important to keep in mind that the choice of the instruments 
can alter the feedback given by the LA tools (Greller & Drachsler, 2012). 
 
Data 
Data are very multifaceted (Greller & Drachsler, 2012). First there are the data collected within the 
organisation. These data could be easily accessible for institutions, teachers and learners but are often 
protected from use by their own organisation. Secondly, there are data about learners that are open and 
freely accessible to everyone in the world. These data are also easily accessible but ill-structured. When 
searching via Google or social media for example, a lot of information can be found. Especially if 
persons are not actively protecting their information on the internet. However, the question could be 
raised if one may use open and freely accessible data only because one can. A third type are protected 
data. These data are protected by other organisations or persons. Examples are data from social media, 
from other schools or even from other governmental organisations. These data are usually well-
structured but not easily accessible. But if national regulation allows it and organisations are prepared 
to share their data, a lot of new possibilities arise (Greller & Drachsler, 2012; Reyes, 2015; Siemens & 
Long, 2011). These possibilities could, however, easily be misused. Therefore organisations must have 
a policy in place where the authentication and authorisation of who may access the data is defined.  
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A main challenge of LA data is how to combine the different data sources that are available for 
analysis. For example, how can interaction on social media and activity on the MOOC platform be 
compared or combined. A leading idea is standardisation. Experience Application Programming 
Interface (xAPI) is an implementation of the standardisation concept by Advanced Distributed Learning 
(ADL), a US army-funded learning organisation. The xAPI prescribes how to register activities in a 
digital environment. Such a registration consists of an actor doing an action on an object (Kevan & 
Ryan, 2016). The benefits of xAPI are that it is learner-centred, independent of the system that is using 
it, it follows an English syntax, is supported by an important organisation (ADL) and a lot of leading 
Learning Management Systems (LMSs) have already implemented the standard. But only relying on 
xAPI is not enough. Convention is needed about the semantics to use (verbsIds, activity types, objectIds, 
… , ). Projects that use different verbs for the same concept or one verb for different concepts are not 
managed well by computer systems. A repository must be adopted that catalogues the verbs and links 
them to a concept (Berg, Scheffel, Drachsler, Ternier, & Specht, 2016; Morgado et al., 2014; ). The 
learning community must agree on an authority to manage the verbs with their concept.  
1.1.3 MOOC Learning Analytics Innovation Cycle  
Drachsler & Kalz (2016) describe the relationship between MOOCs and LA in a MOOC Learning 
Analytics Innovation Cycle (MOLAC). In figure 3 the relationships between the levels of analysis, 
domains, objectives, and processes are clearly stated. The figure shows at the micro level that data are 
collected, processed and analysed to procure individual predictions and reflection. The main goal of LA 
is that it should stimulate the self-regulating skills of the learners, one of today’s main educational 
theories (Bandura, 1991; Gaševic et al., 2015; Ryan & Deci, 2000). The MOLAC is in line with the 
sMOOC and LA’s student-centred approach. At the meso level the data can be used to create a 
classification of learners and to create a view on a group of learners. At a macro level LA can support 
learning and teaching innovations. 
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Figure 3 The MOOC Learning Analytics Innovation Cycle  
Reprinted from ‘The MOOC and learning analytics innovation cycle ( MOLAC ): a re fl ective summary of ongoing research 
and its challenges.’ by Drachsler ande Kalz,(2016) John Wiley & Sons, Ltd. http://doi.org/10.1111/jcal.12135 
1.1.4 Visualisation  
It is recognised that the best way to present LA to users is through a visual representation (Bull & 
Johnson, 2016; Kim et al., 2016; Reyes, 2015; Tempelaar, Rienties, & Giesbers, 2015; Verbert et al., 
2014), although some advocate that a combination with a textual representation could offer some 
benefits (Persico & Pozzi, 2015). The visual representation of LA information which purpose is to help 
users, is called a learning analytics dashboard (LAD). Few (2006) described a LAD more precisely as 
‘a visual display of the most important information needed to achieve one or more objectives; 
consolidated and arranged on a single screen so the information can be monitored at a glance’. The 
usefulness of the LAD has also been recognised to improve the knowledge about oneself, develop self-
evaluation and self-encouragement and lead progress in metacognition and self-reflection (Kim et al., 
2016). 
A lot of research (Coffrin, Corrin, de Barba, & Kennedy, 2014; Macneill, Campbell, & Hawksey, 
2014; Morgado et al., 2014; Saadatdoost et al., 2015) indicates that one of the visualisations that has a 
big potential in supporting learning and teaching in an MOOC is a tool that helps categorising the type 
of learners in function of their engagement. The type of engagement is an important factor in detecting 
learners who are about to drop out of a course. In contrast to a more classic course/class environment 
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where the concept of ‘drop out’ is well defined, the meaning of ‘dropping out’ in a MOOC is depending 
on the intentions of the learner (Auditors, Actives, Qualified). If resources are to be invested in 
decreasing the dropout rate, it is important that those investments are directed to those learners having 
the biggest potential in pursuing and finishing the course. A second opportunity for this categorisation 
is the potential to detect and involve well performing students in the process of supporting less 
performing students.  A third function is the possibility to present customised dashboards for specific 
groups of learners. Kim et al. (2016) found that although a dashboard can increase the learning 
performance, high academic achievers’ motivation decreases with their frequency of dashboard use. A 
different dashboard for those learners could solve this issue. 
To categorise the different learners Cobo, Rocha, and Rodríguez-Hoyos (2014) describe an 
interactivity and clustering approach where different MOOC-actions, like the amount of logins, clicks, 
written messages, downloaded resources, accesses to the different resources, etc., are used. This 
categorisation results in four groups: (1) very active/collaborative, (2) active, (3) passive and (4) inactive 
learners.  
A complementary way to categorise the MOOC learners is to let the teacher specify how many 
days a week a learner is supposed to show activities in the MOOC (Morgado, et al, 2014). If these 
engagement categories are to be used as a dropout monitor, other tools need to be implemented. One of 
these tools is a function where learners can indicate their personal intention (status) towards the course. 
Some learners only want to glimpse the content of the course (auditors). Others are not interested in the 
qualifications but still want to watch videos and read content (actives). A third group is interested in 
actively participating and getting a course certificate. It is important to consider the learners’ status and 
their engagement when building dropout tools. Otherwise a learner who is just auditing will be viewed 
as a dropout.  The learners’ intention toward the course should also be asked at the beginning of each 
MOOC. This is to allow the LAD to visualise the right data from the beginning. Wang and Baker (2015) 
for example found that MOOC users who communicate at the beginning of the course that they are 
willing to finish the course tend to finish the course more frequently than other users. It needs to be 
noticed that the learner’s engagement and intention are not mutually excluding each other.  An 
engagement monitor should be able to propose changes to a user's intention, e.g. if a user’s status is set 
on auditing but his behaviour is pointing towards qualifications, a dashboard tool could ask a learner if 
his status is still up-to-date and give him the opportunity to change it.  
The literature is giving directions for better widgets. Different frameworks like EFLA, MOLAC 
and xAPI are or had been developed to support visualisation of feedback in MOOCs. Educational theory 
is indicating where the LAD should be improved. 
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1.2 Approach 
The central question in this study is built on those frameworks and education theories and investigates 
if new developed learning analytics widgets improve an LA Dashboard and provide information for 
further development. This central question will be investigated by asking participants of MOOCs on the 
ECO platform to evaluate the current state of their LA Dashboard using to the Evaluation Framework 
for Learning Analytics, modifying the ECO LA Dashboard according to the literature, and evaluating 
the participants’ satisfaction again with EFLA. This main question will be answered through three sub 
questions. The design process of the widgets has been visualised in figure 7. 
 (RQ1) What would be meaningful additional LA widgets for a MOOC dashboard and what 
does it take to implement them into a LAD? 
 (RQ2) Do learners evaluate the old and the new LA widgets differently according to the 
EFLA, i.e. do the newly developed ECO widgets provide better information about the data 
handling, do they provide better awareness and reflection support and do they have a greater 
impact on learning? 
 (RQ3) Do learners with a different intention towards the MOOC or with a different level of 
academic achievement differ in their evaluation of the ECO LA dashboard widgets? 
Because of the nature of the experiment, in which the newly developed widgets were made to 
improve the dashboard, we hypothesise 
 (H1) for RQ2 that learners using the EFLA will evaluate the new widgets as better compared 
to the old widget.  
 (H2) for RQ3 that academic achievement and intention towards the course have an impact on 
the evaluation of the widgets. Learners that have a Master profile and having the intention in 
finishing the course will show a difference the widget evaluation compared with bachelors or 
with users that do not have the intention in finishing the course.  
The next section handles the first RQ. The widget implementation will elaborate, general 
characteristics of the widgets, the technology that is used and the restrictions that needed to be taken 
into account and will then describe the development of the two widgets in detail (where the two different 
widgets will be handles separately). After the widget implementation the methodology of the research 
will be handled, followed by the results for RQ2 and RQ3. This article will end with a discussion an 
conclusion.  
2 Widget implementation 
To improve the ECO LAD two new widgets were designed. The two widgets were developed in two 
main cycles: In the first cycle a prototype was build and evaluated by LA experts of the Open University 
of the Netherlands, in the second cycle the widgets were modified to fit the ECO platform. There were 
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important general restrictions that had to be taken into account in selecting and developing the learning 
analytics widgets for the ECO dashboard. An important restriction was the absence of the students’ 
grades or any other form of assessment. This means that the developed widgets could not be based on 
anything that required direct comparison with the quality level of the students.  
Technology 
The new widgets are an extension of the current LAD, build within the ECO-project environment. 
Therefore, they need to use the same technical environment. The ECO-project is built on a big data 
infrastructure. This specific big data infrastructure is composed of different MOOC platforms, that all 
have integrated xAPI. Each MOOC of those platforms is pushing the generated xAPI statements into a 
central Learning Record Store (LRS) managed by ECO. This LRS can then deliver widget-developers 
with the up-to-date data (Figure 4). More technical information about ‘big data’ and ‘big data’ 
infrastructure is out of scope in this thesis but can be found in specific literature (Marz & Warren, 2015; 
Mayer-Schönberger & Cukier, 2013).  
 
Figure 4 Big Data infrastructure of the ECO MOOC LAD 
 
The data is delivered to the widget developers in a standardised object format called JavaScript Object 
Notation (JSON). This JSON object can then be manipulated by JavaScript ‘programming language’ 
and together with HTML/CSS forms the backbone of a lot of dynamic webpages. On top of the 
Learning Record 
Store (LRS) with 
xAPI statements 
Platform one 
Type: Edx 
Platform two 
Type: OpenMooc 
Platform x 
Type: Edx, OpenMooc, 
 
Platform  Push xAPI       Collector  Fetch     Consumer    
Specific Data 
JSON (Server) 
Widget/
LAD 
(Client) 
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JavaScript and HTML/CSS, different frameworks are used. These frameworks help developers by 
providing ‘ready to use’ code for supporting processes. This ensures that the developer can focus on the 
core of the application. The first important framework is JQuery2. JQuery is a framework that ensures 
cross browser deployment. Concretely it means that the programmer does not need to worry about his 
application working on different browsers. The second important framework is Bootstrap3. Bootstrap 
ensures that the built applications are behaving the same way on PC, tablet or smartphone. The last and 
most important framework is D34. This framework supports the building of state of the art graphs. It 
does that in a very innovative way. D3 stands for Data Driven Document. The biggest difference 
between D3 and non-document-driven document representations is the transparency between the data 
and the visualisation. Graphs that are built with D3 are using the generic HTML and CSS object called 
Document Objet Model (DOM). This means that the data that is used for building the graph can be 
traced within the generated HTML document. This is simplifying the debugging process of the 
visualisations, it tackles the compatibility problems between systems and it improves the performance 
of the graphs due to the small abstraction between the data and the visualisation (Bostock, Ogievetsky, 
& Heer, 2011). 
In what follows a detailed description is given per widget. Both widgets are published on under 
the GNU GPL version 2 on the Dspace of the Open University of the Netherlands. 
2.1 Widget 1: Activity and clustering widget 
2.1.1 Cycle 1: Selection of the widget and building the prototype 
The first widget was selected based on a deliverable of the ECO project (Acedo & Cano, 2016) and is 
vastly described by Cobo, et al. (2014). In this original source the clusters are formed based on different 
activities in the MOOC, where every activity is multiplied by a weight. This weight is corresponding to 
the importance the course developer is giving to the activity. Hereafter the expectation maximisation 
algorithm is used to autonomously create a variable amount of clusters. 
There were specific practical constraints in using the method described by Cobo et al. (2014). The 
first important constraint was that it was not possible to contact the course developers so that a weighted 
list of the course activities could not be build. Figure 4 is showing that the widgets are build based on 
data harvested on different systems and that there is no direct connection between the widgets and the 
original source of the data. A second important constraint was that the artificial intelligence algorithm 
(expectation maximisation) used by Cobo et al. to create the clusters was too cumbersome to implement 
on the client side. Cobo et al. used the Weka® program to run the AI algorithm. Programming this 
algorithm in Javascript was not possible within the project timing. 
                                                     
2 http://jquery.com 
3 http://getbootstrap.com 
4 http://d3js.org 
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These constraints altered the widget in two ways. For the ‘weighted list’ issue the total amount of 
activity is used. Although the results are less precise than with a ‘weighted’ list, there is a correlation, 
although small, between the activity in the MOOC and the results of the learners. Clustering was done 
based on the k-clustering algorithm. The main difference between a k-clustering and an expectation 
maximisation algorithm is that in k-clustering the number of clusters is given in advance (Cobo et al., 
2014). For this widget four clusters were chosen to match the categories of (1) non-active learners, (2) 
active learners with risk of dropout, (3) active learners with the biggest chance to finish the course, and 
(4) learners who use the MOOC extremely often.  
Figure 5 shows the widget after the first development cycle. The figure shows a bar chart with the 
amount of activity in the MOOC. The green lines (Cluster x) are indicating the borders of the different 
clusters. The red line (YOU) is situating the learner’s own activity. There are some options that can be 
altered by learners. The first is the switch between the relative and absolute amount of activity. The 
second is the switch between the k-Clustering algorithm and simple median values. The median 
clustering must give learners an idea about how the learners are distributed in the course. 
The most important feedback during the first cycle was that the privacy should be protected. 
Within the first version of the widget the teachers were able the see the activity of each individual 
student. Although teachers could use this for personal feedback generation, other students are not 
supposed to see other students’ evolution.  
 
2.1.2 Cycle 2: Refining and building the production version of the widget based on the 
ECO-dashboard platform 
In the second cycle the widget was altered to fit the ECO-Dashboard framework, and the privacy issues 
that were mentioned in the first cycle were tackled. This was done by anonymising the learners at the 
server site of the application. This make it impossible for any learner to find out any identity behind the 
individual data points within the widget.  
The biggest modification though, was the switch from a synchronous to an asynchronous 
application. Asynchronous means that the user can still work on the webpage while the data is loaded. 
A widget that handles large amount of data demands that learners are directly confronted with some 
kind of activity, otherwise there is a risk of impetuousness with skipping the widget as a result (Few, 
2006). 
There were also some minor modifications to the widget itself, e.g. removing the switch between the 
absolute and relative visualisation. This visualisation switch was not supplying any additional 
information to the learner through the fact that visualisation of absolute and relative data is producing 
identical graphs. The name of the widget was also changed to ‘Student activity’. This was done because 
the new version (in comparison with the Cobo widget) is not measuring interactivity but only the total 
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amount of activity. A last modification was adding total amount of activity at the bottom of the x-axis 
to procure a more concrete view of the learners’ position in the course. Although users could read the 
activity on the y-axis, it is easier to follow an individual vertical bar to the x-axis than to estimate the 
activity on the y-axis.  
The second cycle finished with the implementation of the widget in the MOOC ecosystem of the ECO 
project. 
 
Figure 5 The first version of the first new LA widget. 
 
Figure 6 The second version of the first new LA widget. 
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2.2 Widget 2: Student path widget 
The second widget contains a lot of information for both teachers and learners. The primary function of 
the student path widget is that learners can compare their activity with that described by the teacher and 
with the activity stream of all the other MOOC users (Figure 8). Its primary function for teachers is to 
give them an idea about the order in which students do the activities in the course, i.e. are all activities 
being done by the students and are they done in the sequence foreseen by the course design. 
2.2.1 Cycle 1: Selection of the widgets and building the first version 
The first idea of the widget was to give a learner a tool that made a comparison possible with the average 
learner of the course (figure 7). In this widget the ideal course line was drawn on a graph with time on 
the y-axis and course order on the x-axis. Symbols of the different activities are used as graph points. 
The value above the symbol represents the amount of time the learner needed to complete the activity. 
The value beneath the symbols represents the amount of time the average learner needs to complete the 
activity. The symbols are green when the activity has been viewed by the current learner and red if it 
was not. 
Evaluation by LA experts signalled that learners will not easily understand the graph due to the 
large amount of numbers. Also the y-scale that was originally visualised in days was modified. This 
could make the graph flattened out in case of long courses (not visible in the figure 7). By changing the 
scale to weeks the contrast on the graph became more clear.  
 
2.2.2 Cycle 2: Refining and building the production version of the widget based on the 
ECO-dashboard platform 
In contrast with the first widget, the second widget had to be greatly modified in design. Instead of 
grouping all the users into an average (Figure 7), the second version of the widget uses one path line per 
student (Figure 8). This modification is based on a non-published presentation given at the Open 
University of the Netherlands by prof. Dr. Rob Koper. The modified widget significantly augments the 
amount of information produced in the graph compared to the first version. The learner can now discover 
more clearly how he/she is doing compared to his co-learners with only a glance on the graph. This 
reduces the cognitive load in the analysis. The second version of the widget now also contains a lot of 
information for the course developers/teachers. They can now easily see when activities are skipped by 
a large group of learners (a drop of the line to the x-axis) or when activities are executed earlier or later 
than planned. In figure 8 it can be noticed that no learners was active in the activities 7, 14, 17. Activity 
15 is also omitted by a lot of leaners. It can also be noticed that a lot of learners are viewing activity 4 
before viewing activity 3. A descending line is indicating that. 
On top of the important conceptual modifications, the second widget had to undergo the same 
technical modifications as the first widget, i.e. fitting the ECO dashboard and switching from a 
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synchronous to an asynchronous application. For this widget it means that the lines of the users are 
drawn while the data is still downloading. Due to the large amount of data that this widget needs to 
handle, the asynchrony was of utmost importance. Without the asynchrony, the widget would need 
almost a minute to load completely for an average MOOC. Leaners would have to wait to see any activity 
until all the data is loaded. Not acceptable for learners this would result in learners leaving the widget. 
A last modification that needed to be made was the removal of the forum activities from the dashboard. 
Forums are language dependent features. The xAPI does not contain an element that can discriminate 
on language. This makes it hard to create an easily deployable LA widget that is responsive over 
different languages. 
 
 
Figure 7 The first version of the second new LA widget. 
 
Figure 8 The second version of the second new LA widget 
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3 Methodology 
3.1 Participants 
The ECO project5 is a European-funded project that aims to build a portal for different MOOC providers 
so that MOOC research could be effectuated which should result in more effective, cheaper and more 
distributed use of MOOCs (‘ECO learning,’ 2016). For the current study, the participants were selected 
on their availability within the active MOOCs of the ECO-project. Five MOOCs were active during 
study’s runtime. 
Every participant who showed activity in one of these MOOCs after June 1, 2016 was invited to 
participate in the study by filling in the EFLA questionnaire (see section 3.2). A total of 46 answered 
questionnaires were collected. In round 1 27 students filled in the questionnaire, 11 male and 16 female.  
In the second round 17 students filled in the questionnaire, 9 male and 8 female. Eight respondents 
answered the questionnaire of both first and second round with an equal amount of male and female 
respondents. 
Table 2 Overview of the participants’ characteristics 
 
ROUND 1  ROUND 2 Both rounds 
 
Learners Teachers  Learners Teachers Learners 
Gender  
M 
V 
 
11 
16 
 
2 
0 
 
9 
8 
 
0 
0 
 
4 
4 
Age 
18-25 
26-40 
41-55 
above 55  
 
7 
15 
5 
0 
 
0 
2 
0 
0 
 
1 
3 
11 
2 
 
0 
0 
0 
0 
 
0 
0 
5 
3 
 
3.2 Materials 
Almost all MOOC platforms provide some type of LA and visualisation, but there is still little research 
about the effectiveness of the widgets that are implemented (Scheffel et al., 2015). Scheffel et al.(2014) 
started to develop an Evaluation Framework for Learning Analytics (EFLA). The first version was 
constructed through a group concept mapping study. The results of this study are a categorisation in 
eight clusters. (1) Data about open access, (2) Data about privacy, (3) Acceptance and uptake, (4) 
Learning outcome, (5) Teacher awareness, (6) Learning performance, (7) Learning support, (8) Student 
awareness. These clusters were then refined into five criteria with four quality indicators (QI) each. This 
                                                     
5 http://project.ecolearning.eu/ 
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version was evaluated by LA. Based on the experts’ evaluation a second version of the EFLA was 
created and subsequently evaluated with students and tutors of an online course and an experts 
workshop. This evaluation resulted in the third version of the framework which was used in this study. 
The current EFLA (Figure 8) consists of four sections (1) data aspects, (2) awareness, (3) reflection and 
(4) impact. The sections are then divided into learners and teachers. As already stated above, those are 
the two most important stakeholders in the LA process. The QI within the sections are clearly phrased 
and the QI in each sector are closely related (Verbert, Duval, Klerkx, Govaerts, & Santos, 2013). 
Although it has been designed differently from the Generic Framework for LA (GFLA) (Greller & 
Drachsler, 2012), there are a lot of similarities between the GFLA and the EFLA. This accentuates the 
reliability of the EFLA. 
An overview of the different items of the EFLA is presented for the learners. Teachers have an 
equivalent questionnaire (Figure 8). The first category measures the satisfaction about the ‘data’ with 
three statements: (1) ‘For this LA tool it is clear what data is being collected’, (2) ‘For this LA tool it is 
clear why the data is being collected’ and (3) ‘For this tool it is clear who has access to my data’. The 
second category ‘awareness’ contains two statements: (1) ‘This LA tool makes me aware of my current 
learning situation’, (2) ‘This LA tool makes me forecast a possible future learning situation given my 
(unchanged) behaviour’. The third category: ‘reflection’ contains also two statements: (1) ‘This LA tool 
stimulates me to reflect on my past learning behaviour’ and (2) ‘This LA tool stimulates me to adapt my 
learning behaviour if necessary’. The last category ‘impact’ contains three statements: (1) ‘This LA tool 
increases my motivation to study, (2) ‘This LA tool stimulates me to study more efficiently’ and (3) 
‘This LA tool stimulates me to study more effectively’. For the responses a Likert scale is used with 
values between one and ten, 1 representing no agreement and 10 representing high agreement with the 
statement. 
 
Figure 9 Evaluation Framework for Learning Analytics (EFLA) (Scheffel, et al. 2016) 
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In addition to the EFLA some demographic questions about the learners were added. The first question 
was: ‘purpose for participating in the MOOC’. The learner could choose between ‘no specific purpose’, 
’I want to explore the content’, ‘I am curious’, ’I want to finish the course’, ’I want to earn credits’. The 
second question gauged towards the academic achievement. The respondents could choose between 
possessing a Master degree, Bachelor degree or High school degree. A lot of research mentions the 
influence of intention towards the MOOC or the learners’ academic achievement on the motivation in 
using LAD (Coffrin, Corrin, de Barba, & Kennedy, 2014; Kim, et al., 2016; Macneill, Campbell, & 
Hawksey, 2014; Morgado et al., 2014; Saadatdoost et al., 2015).  
Because ethics and privacy are important concerns for everybody involved in LA, the DELICATE 
checklist (Drachsler and Greller, 2016), that was carefully used as a guideline in the development of the 
widgets, was also used in the research procedure. This was implemented in the research through an 
introduction mail and a manual explaining the different widgets, the functionalities and the purpose of 
the learners’ action to the research. 
3.3 Procedure 
The LAD was to be evaluated with MOOCs that are connected through the ECO-project. Therefore, a 
first email was sent informing the potential participants of the existence of the LAD within the ECO 
environment. A link was available with the mail directing participants to a tutorial about the LAD. The 
mail also mentioned the research and EFLA and notified the potential participants that a questionnaire 
would be sent in a week. A week later the invitation to answer the EFLA questionnaire was sent through 
an online survey tool. In the following four weeks two reminders were sent. A month after the first 
invitation to answer the EFLA questionnaire, the two new developed widgets were added to the LAD. 
All potential participants received a new mail to draw the attention on the new LAD widgets. A link was 
added to the email pointing to a manual explaining the two new widgets. In the following month three 
invitations were sent to answer the second EFLA questionnaire. To ensure the credibility of the 
responses, the answers on the EFLA-Q were compared with the activity generated on the xAPI. This 
was done by cross referencing the email address of the respondents on both the survey platform and the 
ECO-LA dashboard. In this process, a lot of attention was set on keeping the anonymity of the 
participants. 
Because of this anonymity, the physical distance and the lack of connection between the research team 
and the respondents, only a small number of questionnaires were returned of which only two were from 
teachers. Because of the low level of responses, the teachers were omitted from the analysis. In table 4 
the experimental model is visualised.  
 
Table 3Experimental method of the research 
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Round 1  EXPERIMENT Round 2 
Learners   X EXP (new dashboard) X  
 
3.4 Analysis 
Although it was initially intended to evaluate the results of both learners and teachers, a lack of teacher 
responses (Round 1: n=2; Round 2: n=0) led to redirect the study to only analyse the learners’ responses.  
To analyse how the learners evaluate the LAD, the learners’ means are compared with t-tests between 
the two rounds for the different categories and items of the EFLA. For the third RQ a MANOVA will 
be effectuated on the criteria to investigate if the intention towards the MOOC or the academic 
achievements are interacting with the evaluation of the widgets. Therefore, the categories of ‘intention 
towards the MOOC’ had to be recoded from five categories to two. The two new categories grouped 
the respondents in (1) intentions to finish the course and (2) the respondents who do not. Table 4 
shows which categories were grouped.  
Table 4Recoded variable Intention towards the MOOC 
Question about the intention of the MOOC Number of respondents New recoded variable Number of respondents 
I want to explore the content 16 
NO intention to finish the course 20 I am curious 2 
No specific purpose 2 
I want to finish the course 22 
Intention to finish the course 24 
I want to earn credits 2 
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4 Results 
a 
 
b 
 
Figure 10 EFLA criteria (a) and items (b) of the respondents who answered the questionnaire in both rounds. 
For the research question that compares the new developed widgets with the old ones for improvements 
using the EFLA, t-tests are effectuated. When looking at the learners who answered the EFLA (Figure 
9a) in both rounds (comparative group) the averages of all criteria are higher for the second round than 
for the first with significance on the criterion Data: t(7) = -3.21, p = .015. Table 5 shows the averages 
of the four criteria, the standard deviations and the standard error for both rounds. It does also show the 
difference in mean between the first and second round and the results of the t-test with their significance 
level. 
 
Table 5 Descriptive statistics and t-tests on the criteria of EFLA for Round 1 and Round 2 with comparative group (n = 8 ) 
  
Descriptives of Round 1 and Round 2 
for the respondents who both 
answered Round 1 and Round 2 
Paired t-test with same respondents 
 in Round 1 and Round 2 
  
n Mean Std.Dev. St.Er. t Df Sig. Δ Mean Round 1  
and Round 2 
D 
Round 1 8 7.46 1.55 0.55 
-3.21 7 0.015 0.75* 
Round 2 8 8.21 1.63 0.58 
A Round 1 8 7.94 1.84 0.65 -0.935 7 0.381 0.25 
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Round 2 8 8.19 1.60 0.57 
R 
Round 1 8 7.38 2.25 0.79 
-2.263 7 0.058 0.875 
Round 2 8 8.25 1.81 0.64 
I 
Round 1 8 7.50 2.07 0.73 
-1.455 7 0.189 0.542 
Round 2 8 8.04 2.00 0.71 
*p <= 0.05, ** < 0.001 
When looking at the different items of the EFLA a similar pattern is noticeable as for the criteria (Figure 
9b). Table 6 is showing that three of the ten items have significant differences in mean. Within the data 
criterion the items ‘For this LA tool it is clear why the data is being collected (ΔM = 0.75, t(7) = -3, p = 
.02) and ‘For this LA tool it is clear who has access to the data’ (ΔM = 0.75, t(7) = -4,583, p = .003) 
have significant mean differences between the two different widget evaluations. Reflection is a second 
criterion with a great mean difference in favour of the evaluation of the second round and this on both 
items with significant difference for the item ‘This LA tool stimulates me to adapt my learning behaviour 
if necessary’ (ΔM = 0.75, t(7) = -2.393, p = .02).  
What has to be noticed is the negative evaluation of the first awareness item ‘The tool makes me 
aware of my current learning situation’. Although this negative evaluation is not significant, it is in great 
contrast with the other awareness item ‘This LA tool makes me forecast possible future learning 
situation given my (un)changed behaviour’. Investigating the mean of the first awareness item of both 
rounds shows that the mean of the evaluation of the first-round widget is extremely high in comparison 
with the other first round items.  
Table 6 Descriptive statistics and t-tests on the criteria of EFLA for Round 1 and Round 2 with comparative group (n = 8 ) 
  
Descriptives of Round 1 and Round 2 Paired t-test with same respondents in 
Round 1 and Round 2 
  
n Mean Std.Dev. St.Er. t df Sig. Δ Mean 
Round 1 
and Round 
2 
D1 
Round 1 8 7.50 1.604 0.567 
-1.655 7 0.142 0.75 
Round 2 8 8.250 1.832 0.648 
D2 
Round 1 8 7.375 1.598 0.565 
-3 7 0.020* 0.75 
Round 2 8 8.125 1.642 0.581 
D3 
Round 1 8 7.500 1.604 0.567 
-4.583 7 0.003* 0.75 
Round 2 8 8.250 1.581 0.559 
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A1 
Round 1 8 8.375 1.768 0.625 
0.552 7 0.598 -0.125 
Round 2 8 8.250 1.581 0.559 
A2 
Round 1 8 7.500 2.00 0.707 
-4.399 7 0.140 0.625 
Round 2 8 8.125 1.642 0.581 
R1 
Round 1 8 7.375 2.264 0.800 
-1.871 7 0.104 1 
Round 2 8 8.375 1.768 0.625 
R2 
Round 1 8 7.375 2.264 0.800 
-2.393 7 0.048* 0.75 
Round 2 8 8.125 1.959 0.693 
I1 
Round 1 8 7.375 2.134 0.754 
-1.930 7 0.095 0.625 
Round 2 8 8.00 2.070 0.732 
I2 
Round 1 8 7.625 2.066 0.730 
-1.080 7 0.316 0.5 
Round 2 8 8.125 1.885 0.666 
I3 
Round 1 8 7.50 2.070 0.732 
-1.323 7 0.227 0.5 
Round 2 8 8.00 2.070 0.732 
 
The third research question ’Do learners with a different intention towards the MOOC or with a 
different level of academic achievement differ in their evaluation of the ECO LA dashboard widgets?’ 
will be answered with the whole dataset (n=44). Performing a multiple analysis of variances 
(MANOVA) on the EFLA criteria, all four criteria are showing interaction that support the hypothesis 
of RQ3. Table 7 is showing the means and standard deviations of the MANOVA. There is an 
interaction effect of the Academic Level and the intention towards the MOOC between the first 
and second round on the evaluation of Data: F(1,34) = 4.25, p < .05 and Awareness F(1,34) = 
5.110 , p < .05. Masters with the intention of finishing the course are evaluating the new widgets 
as more positive for the Data and Awareness criteria.  On the other hand, when Masters do not 
have the intention of finishing the course, they evaluate the old widgets as better for the data 
and awareness criteria. With bachelor students it is the opposite. Bachelor students with the 
intention in finishing the course evaluate the widgets of the first round as better than in the 
second round. Bachelor students who do not have the intention in finishing the course evaluate 
the new widgets as better. 
Table 7 Means and Std. Dev. of EFLA criteria with Intention in course, Academic Achievement and Round of evaluation 
  DATA AWARENESS REFLECTION IMPACT 
Intention in course To Finish Not to Finish To Finish Not to Finish To Finish Not to Finish To Finish Not to Finish 
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  AVG Std. 
Dev. 
AVG Std. 
Dev. 
AVG Std. 
Dev. 
AVG Std. 
Dev. 
AVG Std. 
Dev. 
AVG Std. 
Dev. 
AVG Std. 
Dev. 
AVG Std. 
Dev. 
HIGH 
SCHOOL 
R1 ND ND 9.5 0.707 ND ND 9.5 0.707 ND ND 9.50 0.707 ND ND 9.5 0.707 
R2 ND ND 5 ND ND ND 5 ND ND ND 5.00 ND ND ND 5 ND 
BACHELOR R1 7.13 2.00 6.72 1.94 7.35 2.01 7.42 1.72 6.85 2.17 8.00 1.30 7.23 1.95 7.83 1.94 
R2 6.87 1.95 8.00 1.19 6.90 1.79 8.38 0.75 7.10 2.33 8.63 1.80 6.87 2.37 8.75 0.96 
MASTER R1 8.27 1.14 8.00 0.72 8.2 0.91 8.5 1.29 8.40 0.89 8.37 1.79 8.2 0.96 7.58 2.11 
R2 10 0 6.00 3.08 10 0 6.1 3.09 9.40 0.71 5.00 3.00 9.5 0.71 5 2.78 
ND: No data 
5 Discussion and Conclusion  
The purpose of this Master thesis was three folded. Firstly, it was to conduct a scientific literature review 
on LAD and MOOCs. Secondly it was to develop LA widgets for a MOOC environment, based on 
scientific literature studies. Thirdly it was to investigate the learners’ evaluations of these new developed 
widgets using the EFLA. The hypotheses that the improvements of the widgets will be reflected in the 
EFLA can be accepted. Although indications exist that the widgets will be of better use for Master 
students having the intention in finishing the course.  
The EFLA criteria and items are showing improvement on all items but one, and a significant 
improvement on three items. Within the ‘Data’ criterion the items (1) ‘For this LA tool it is clear why 
the data is being collected (ΔM = 0.75, t(7) = -3, p = .02) and (2) ‘For this LA tool it is clear who has 
access to the data’ (ΔM = 0.75, t(7) = -4,583, p = .003). Within the ‘Reflection’ criterion: (3) ‘This LA 
tool stimulates me to adapt my learning behaviour if necessary’ (ΔM = 0.75, t(7) = -2.393, p = .02). 
Although the positive results are important because they give authority in replacing the old widgets with 
the new ones, in a designing process the items that are not showing a significant improvement or the 
ones that got worse are as important. These items are indicating where the design could be improved 
and where further effort is necessary. Seven items in three criteria have to be reviewed. For the new 
developed tools this means that within the ‘Data’ criterion further design should focus on the item 
(1)‘For the LA tool it is clear what data is being collected’. For the awareness criterion further design 
should focus on (2)‘This LA tool makes me aware of my current learning situation’ and (3)‘This LA 
tool makes me forecast a possible future learning situation given my (unchanged) behaviour’. For the 
‘Reflection’ criterion these items must be reviewed: (4)’This LA tool stimulates me to reflect on my 
past learning behaviour’ and (5) This LA tool stimulates me to adapt my learning behaviour if necessary. 
For the last criterion ‘Impact’ the items (6) ‘This LA tool stimulates me to study more efficiently’ and 
(7) ‘This LA tool stimulates me to study more effectively’.  
These results are all the more interesting when they are combined with the results of RQ3. In this RQ 
we investigated if personal characteristics like ‘Academic achievement’ and ‘Intentions towards the 
course’ had any influence on the learners’ evaluation. The findings are showing that Masters intending 
to finish the MOOC are evaluating the awareness criteria as much better. A possible explanation is that 
more complex widgets are requesting more skills and motivations from learners to grasp the information 
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delivered by the widgets. Artino & Stephens, (2009) explained this through the self-regulation 
competences that is higher with Masters than with undergraduate students.  
Due to this finding the next iteration of the widgets should discriminate between the personal 
characteristics ‘Academic achievement’ and ‘intention towards the MOOC’. This is also in line with the 
research about ‘academic achievement’ from Kim et al. (2016) and the research findings about ‘the 
influence of the intention towards the MOOC’ (Morgado et al., 2014). 
A first point of attention for under graduating students and for masters with no intention in finishing the 
course is, that the tool should be improved by providing a layer that simplifies the graphs. For example 
a layer that gives a prognosis for the learners’ further learning, and some tips about how to modify their 
learning behaviour. This should increase their awareness and the impact of the tool. But there is a 
reversed side that should not be taken lightly. First, information processing is always a negotiation 
between the view that is presented and the completeness and correctness of the information of the data; 
important information that could also be useful for some learners could be lost in the process. A second 
point of attention is that the system should also detect when a learner is changing his behaviour. Masters 
that change their intention from not being interested in finishing the course to being interested, should 
get the more elaborated widget. Kim et al. (2016) stipulates that if tools are not adapted to the level of 
the learners’ academic achievement, they will get bored and abandon further use the tool. 
6 Limitations 
It must be stated that the findings of this research have to be put in context. Important limitations 
have to be taken into account and further research is needed to elaborate and corroborate this research. 
The first limitation is the small number of respondents participating in the survey. It needs to be 
mentioned that we aimed to receive much higher survey numbers. In fact the survey has been submitted 
to 284 MOOC participants and we were hoping to receive at least a response rate on 40% for both survey 
intervals. Although we took the effort to translate the survey from English to Spanish and Italian, what 
are the main languages of the ECO MOOCs addressed in this study, we have not received more 
responses than those from the 44 participants. A second limitation is that the two widgets were evaluated 
at the same time with only one survey. The main goal of evaluating widgets or dashboard is to gather 
feedback so that improvements could be made. Because the dashboard was altered with two widgets, it 
is difficult to determine if the evaluation of the respondents is related to only one of the widgets or to 
both. A third limitation is that the xAPI is monitoring the MOOC activity but not the use of the LAD. 
There is thus no certainty that the learners who evaluated the widgets actually viewed the widgets.  
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